Abstract: Nabbaren nepheline syenite, a silica-deficient intrusive rock with low Fe content, was the industrial mineral deposit study case in this study. The quality of industrial mineral products are generally based on their bulk chemistry, which are directly related to their modal mineralogy and mineral chemistry; however, these are costly and time-consuming to determine. A geometallurgical-based methodology, known as element-to-mineral conversion (EMC), was applied to estimate its modal mineralogy based on its given bulk and mineral chemistry. EMC is a convenient and cost-effective technique, which can be used to quickly estimate modal mineralogy. Two EMC methodologies were applied: one least square based, LS-XRD, and one regression based, R-XRD. Additionally, average and specific mineral chemistries were used during estimations. The R-XRD method, a method not yet used for EMC purposes, gave better modal mineralogy estimations than LS-XRD. Considering the restrictions in the method, R-XRD shows potential for improvement and implementation at operational scale, making it a valuable geometallurgical tool for increasing resource performance, easing decision-taking processes, and reducing risks. The use of different mineral chemistries did not influence the modal mineralogy estimation, unlike the method used for it.
Introduction
The industrial minerals sector has grown and diversified in the mining industry at both regional and global scales [1] [2] [3] [4] . In contrast to metallic ores, industrial minerals, as a mineral or a group of minerals, are mined not for their metallic content but for their physical and chemical properties [1, 5] . Due to their intrinsic characteristics, most industrial minerals are used in their raw form which allows wide product variability strictly tied to consumer specifications [1] .
Nepheline syenite is a silica-deficient intrusive rock, which when processed into a low-Fe feldspar-nepheline may become a commercial industrial mineral. Practical applications as a raw material include glass, ceramics, flatware manufacturing, and as pigment and filler [6] . The world leading nepheline syenite producers are Russia, Canada, and Norway with roughly 84, 10, and 6% of the world's production, respectively [4, 7] . The information used to define the industrial mineral quality relates to consumer specifications: minimum SiO 2 wt %, maximum Fe 2 O 3 wt % or whiteness, among others [8] .
Geometallurgy is a holistic mining-oriented discipline that incorporates information from the whole mining value chain to increase resource performance and reduce risks [9] [10] [11] . The ultimate goal of geometallurgy is to generate quantitative georeferenced data, which can be integrated into the 3D model and production plan of the mine [12, 13] . To assess quantitative data, prediction models can be developed for operational purposes [14] [15] [16] . These models aim to predict multiple rock characteristics and processing behavior, and are usually restricted to the modal mineralogy of the rock. Modal mineralogy prediction is commonly based on bulk chemical data, and these methodologies known as element-to-mineral conversion (EMC).
One of the main driving forces behind the application and development of EMC is to have access to modal mineralogy data in less time and at lower costs. Despite the relevance of mineralogical data in the development of the mining industry, the time span required for its acquisition is still a shortcoming that must be overcome in the mining industry. Mineralogical and chemical data are not the only information relevant to EMC. Mineral chemistry is also a subject to keep in mind when applying this type of methodology. Mineral chemistry is the common ground between modal mineralogy and bulk chemistry.
This study compared two EMC methodologies using available X-ray fluorescence and X-ray diffraction data. The mineral chemistry of the main minerals present in the deposit was acquired with electron probe microanalysis (EPMA) to evaluate its influence on the mineralogical estimations.
Background

Geological Framework
In this study, the raw materials were obtained from the Nabbaren deposit, a nepheline syenite deposit located on the Stjernøy Island in the Seiland province, western Finnmark, Norway (see Figure 1 ). The nepheline syenite is processed at the site using multiple steps of dry magnetic separation and classification. The raw material is concentrated and usually sold to ceramics, paint, and glass industries. A key feature making the Nabbaren nepheline syenite deposit economically feasible is the inexpensive removal of Fe-bearing minerals in the rock. the 3D model and production plan of the mine [12, 13] . To assess quantitative data, prediction models can be developed for operational purposes [14] [15] [16] . These models aim to predict multiple rock characteristics and processing behavior, and are usually restricted to the modal mineralogy of the rock. Modal mineralogy prediction is commonly based on bulk chemical data, and these methodologies known as element-to-mineral conversion (EMC).
Background
Geological Framework
In this study, the raw materials were obtained from the Nabbaren deposit, a nepheline syenite deposit located on the Stjernøy Island in the Seiland province, western Finnmark, Norway (see Figure 1) . The nepheline syenite is processed at the site using multiple steps of dry magnetic separation and classification. The raw material is concentrated and usually sold to ceramics, paint, and glass industries. A key feature making the Nabbaren nepheline syenite deposit economically feasible is the inexpensive removal of Fe-bearing minerals in the rock. The Nabbaren deposit is located within the Lillebukt Alkaline Complex. The deposit dips steeply and is elongated in a northwest-southeast direction, with a length of 1700 m along strike and a width of 300 m across [17] . The main lithologies surrounding the nepheline syenite deposit are hornblende clinopyroxenite, alkali syenite, and carbonatite [18] .
Two major minerals are found in the nepheline syenite at Stjernøy: alkali feldspars (av. 56 wt %) and nepheline (av. 34 wt %). Accessory minerals include biotite, plagioclase (albite), calcite, magnetite, clinopyroxene, hornblende, and titanite [17, 19] . Trace minerals have been identified in certain zones within the deposit such as Al 2 O 3 -rich salite (diopside), Ca-rich amphibole, apatite, ilmenomagnetite, ilmenite in hornblende clinopyroxenites [18] , diaspore, natrolite, and thomsonite, as well as stronalsite-banalite [20] . Potassium feldspars display a typical perthitic texture [19, 20] , with blade or drop-shaped lamellae of albite.
Quantification Challenges
Modal mineralogy has multiple challenges with respect to its quantification and estimation. These challenges could vary from the type of technique used (X-ray based, electron beam based, etc.) to the material type dealt with (ore type, textures, assemblages, etc.), and the mathematical methodology used during estimations.
Two of the most common techniques for mineral quantification are X-ray diffraction (XRD) and scanning electron microscopy (SEM). XRD is a cheap and fast data acquisition technique, which has detection limits for minerals quantities lower than 0.5-1.0 wt % [21] depending on the specific mineral and matrix. SEM quantification has a detection limit for minerals of around 0.01 wt % [22, 23] , but it is more expensive and time consuming than XRD. The mineralogical quantification assessed by each technique is influenced by their respective shortcomings, i.e., sample preparation is a key aspect to consider in both XRD [24, 25] and SEM [26, 27] . Material characteristics also play a role in the technique used. For example, polymorph minerals can be detected by XRD but not by SEM techniques, while the opposite is true for amorphous substances.
Another aspect to consider during quantifications is the material dealt with. Mineralogical zonation influence the minerals present within the deposit, their chemical composition and their variation (i.e., their solid solutions or the degree of elemental substitutions change) [28] . In the case of silicates, alkali-feldspars (e.g., microcline, sanidine, and orthoclase) and plagioclases (e.g., albite and anorthite) can develop a perthitic texture. A perthitic texture is a common intergrowth texture in industrial mineral alkali-feldspar deposits, and is also found in the Nabbaren deposit. Slight differences between the lattice parameters (i.e., diffraction angle) of the two silicate groups allows the use of XRD as an option for quantification [29] . Electron microprobe techniques fail to quantify sub-microscopic scale intergrowths [29] and SEM techniques (i.e., automated mineralogy systems) may induce quantification errors when mixing chemical spectra in pixels with multiple phases such as phase boundaries [30, 31] .
Mineralogical estimations based on bulk and mineral chemistry data are known as element to mineral conversion (EMC) [32] [33] [34] . The basic concept behind EMC conversion is that modal mineralogy of a sample (m) times their mineral chemistry (X) is the same as the bulk chemistry of the sample (c), see Equation (1) m × X = c
In Equation (1), m is a vector with the modal mineralogy of a sample, X is a matrix consisting of the minerals acquired and their respective chemical compositions, and c is a vector with the bulk chemistry of the sample. In the ideal case, Equation (1) can be easily solved and have a unique solution. Although, in a realistic case, solving Equation (1) is challenging and a unique solution is not always a possibility.
Mathematical procedures used in EMC include singular value decomposition (SVD), Lagrange multipliers, or error minimization with non-negative least-square fitting (NNLS) (see Press, et al. [35] for method description). Whiten [32] utilized singular value decomposition (SVD) for EMC; however, in his basic example the number of unknowns was equal to the equations, and each estimated mineral had one characteristic element that defined the mineral chemical compositions (e.g., all Pb is bound to Galena and all S bound to sulphides). The constrained first example given by Whiten was ideal example of estimation. However, real-world systems have more unknowns than equations, and more complexities in bulk mineralogy and mineral chemistry.
Other more realistic cases were provided in [36] , although the focus of such cases was the mathematics behind the calculations, disregarding the origin of the data used during estimations and oversimplifying the exercises. One example of oversimplification is the non-sulphide gangue in [36] , which is used as an element in the bulk chemistry and as a mineral with a defined mineral chemical composition. In this case, the non-sulphide gangue represents a broad group of minerals that are not of interest for the examples given. Generally, these mineral groups are related to feldspars, pyroxenes, etc., i.e., mineral groups that present more variable and complex chemical compositions than others like sulphides. Another example of oversimplification in mineral chemistry is the fact that minerals do not have a unique composition. Many authors use typical compositions from different sources [37, 38] or unpublished reports from unknown sources [39] . Such an approach neglects the mineral chemistry particularities of each deposit.
Materials and Methods
Materials
In this study, the samples were collected from the drilling campaign in the open pit at the 2015 production level, see Figure 1 . The drill-hole selection was done to the available drill-holes in a randomized manner. From the available drill-holes at the mine site, 12 were selected for sampling, magnetic separation, and characterization.
The average particle size distribution (PSD) of the samples was approximately 50 wt % passing 400 µm (P 50 ), see Figure 2 . However, it must be noted that fine materials of less than 75 µm were not collected by the drilling rig at the mine site as per the sample procedure of the company. Sampling was carried out using the current sampling procedure at the laboratory at the Stjernøy mine. had one characteristic element that defined the mineral chemical compositions (e.g., all Pb is bound to Galena and all S bound to sulphides). The constrained first example given by Whiten was ideal example of estimation. However, real-world systems have more unknowns than equations, and more complexities in bulk mineralogy and mineral chemistry. Other more realistic cases were provided in [36] , although the focus of such cases was the mathematics behind the calculations, disregarding the origin of the data used during estimations and oversimplifying the exercises. One example of oversimplification is the non-sulphide gangue in [36] , which is used as an element in the bulk chemistry and as a mineral with a defined mineral chemical composition. In this case, the non-sulphide gangue represents a broad group of minerals that are not of interest for the examples given. Generally, these mineral groups are related to feldspars, pyroxenes, etc., i.e., mineral groups that present more variable and complex chemical compositions than others like sulphides. Another example of oversimplification in mineral chemistry is the fact that minerals do not have a unique composition. Many authors use typical compositions from different sources [37, 38] or unpublished reports from unknown sources [39] . Such an approach neglects the mineral chemistry particularities of each deposit.
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The average particle size distribution (PSD) of the samples was approximately 50 wt % passing 400 µm (P50), see Figure 2 . However, it must be noted that fine materials of less than 75 µm were not collected by the drilling rig at the mine site as per the sample procedure of the company. Sampling was carried out using the current sampling procedure at the laboratory at the Stjernøy mine. 
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Sample Preparation
Each sample was processed and characterized at the mineral processing, and chemical and mineralogical laboratory facilities at NTNU, Department of Geoscience and Petroleum. The drill-hole 
Methods
Sample Preparation
Each sample was processed and characterized at the mineral processing, and chemical and mineralogical laboratory facilities at NTNU, Department of Geoscience and Petroleum. The drill-hole samples were prepared following the procedure in Figure 3 and characterized by different size fractions. The fractions used were −833/+589 µm, −589/+417 µm, −417/+147 µm, and −147/+74 µm.
No comminution was applied in order to preserve the original state of the analyzed material. All the fractions were dried and magnetically separated with a Permroll. Magnetic separation allowed concentration and thereby the detection of magnetic minerals that otherwise would not be detected by XRD. The magnetic separator had a fixed magnetic field strength of 4.65 T. The material was put into a vibrating feeder set to 30-rpm speed to achieve a monolayer of particles on the belt. samples were prepared following the procedure in Figure 3 and characterized by different size fractions. The fractions used were −833/+589 µm, −589/+417 µm, −417/+147 µm, and −147/+74 µm. No comminution was applied in order to preserve the original state of the analyzed material. All the fractions were dried and magnetically separated with a Permroll. Magnetic separation allowed concentration and thereby the detection of magnetic minerals that otherwise would not be detected by XRD. The magnetic separator had a fixed magnetic field strength of 4.65 T. The material was put into a vibrating feeder set to 30-rpm speed to achieve a monolayer of particles on the belt. Due to practical reasons, the coarsest and finest fractions (i.e., +833 µm and −74 µm size fractions) were not magnetically separated. The coarsest material was too large for the magnetic separator to handle and fine material, discarded at the processing plant, was excluded from magnetic separation at laboratory scale. After following the workflow in Figure 3 , the total number of samples to characterize was 120.
Each sample was split with a rotary splitter into 15 g increments for characterization. The increments were ground for around 2.5 min in a vibratory disc mill at 700 rpm and using agate grinding media. The output from the vibratory disc mill had an average P50 of 15 µm.
X-ray Fluorescence (XRF)
The procedure for analyzing major oxides was based on manually produced glass pills. Each sample was fused with a flux agent consisting of a Li-tetraborate (66 wt %) and Li-metaborate (34 wt %) mixture. The equipment used for the analyses was a Bruker X-ray fluorescence S8 Tiger spectrometer with the Bruker SPECTRA plus software. A calibrated routine was used based on 28 standards reported: SiO2, Al2O3, Fe2O3 Total, K2O, Na2O, MgO, CaO, MnO, TiO2, and P2O5 as the major elements.
As part of the analyses, loss on ignition (LOI) during sample fusing was reported. Analyses were run with an electric current varying between 5 to 170 mA and a voltage varying between 20 to 60 kV. The combination during analysis could not exceed 4 kV. Acquisition time varied from 1 to 10 minutes depending on the accuracy of each element and detection limit.
X-ray Diffraction (XRD)
Approximately 1 g samples were used for XRD analysis which used a Bruker X-ray Diffractometer D8 Advance adjusted to 40 kV, 40 mA and Cu radiation wavelength Kα = 1.5406 Å and Kα2 = 1.54439 Å, and a Kα1/Kα2 ratio of 0.5. All samples were first micronized using a McCrone Micronizing Mill for two minutes after adding 10 mL of ethanol, producing an average P50 less than 9.5 µm.
Diffractograms were recorded from 3-65°2θ, in 0.0009°2θ increments with 0.6 s counting time per increment and with a total analysis time of 71 min per sample. Mineralogical Rietveld quantifications were performed with a standar dized MS-dos and TOPAS4.2 script routine, using a Due to practical reasons, the coarsest and finest fractions (i.e., +833 µm and −74 µm size fractions) were not magnetically separated. The coarsest material was too large for the magnetic separator to handle and fine material, discarded at the processing plant, was excluded from magnetic separation at laboratory scale. After following the workflow in Figure 3 , the total number of samples to characterize was 120.
Each sample was split with a rotary splitter into 15 g increments for characterization. The increments were ground for around 2.5 min in a vibratory disc mill at 700 rpm and using agate grinding media. The output from the vibratory disc mill had an average P 50 of 15 µm.
X-ray Fluorescence (XRF)
The procedure for analyzing major oxides was based on manually produced glass pills. Each sample was fused with a flux agent consisting of a Li-tetraborate (66 wt %) and Li-metaborate (34 wt %) mixture. The equipment used for the analyses was a Bruker X-ray fluorescence S8 Tiger spectrometer with the Bruker SPECTRA plus software. A calibrated routine was used based on 28 standards reported: SiO 2 , Al 2 O 3 , Fe 2 O 3 Total , K 2 O, Na 2 O, MgO, CaO, MnO, TiO 2 , and P 2 O 5 as the major elements.
X-ray Diffraction (XRD)
Approximately 1 g samples were used for XRD analysis which used a Bruker X-ray Diffractometer D8 Advance adjusted to 40 kV, 40 mA and Cu radiation wavelength K α = 1.5406 Å and K α2 = 1.54439 Å, and a K α1 /K α2 ratio of 0.5. All samples were first micronized using a McCrone Micronizing Mill for two minutes after adding 10 mL of ethanol, producing an average P 50 less than 9.5 µm.
Diffractograms were recorded from 3-65 • 2θ, in 0.0009 • 2θ increments with 0.6 s counting time per increment and with a total analysis time of 71 min per sample. Mineralogical Rietveld quantifications were performed with a standar dized MS-dos and TOPAS4.2 script routine, using a fixed mineral list to evaluate all the available samples. The values reported correspond to semi-quantifications obtained from Rietveld refinements using mineral identification in Bruker EVA ® and following manually adjusted Rietveld fitting in the Bruker TOPAS4.2 software (Bruker, Billerica, MA, USA) [40] .
Electron Probe Micro-Analyzer (EPMA)
The EPMA analyses were run on polished thin sections. Four samples were selected, and the polished thin sections were prepared using approximately 2 g of material with 30 µm thickness. Furthermore, the polished thin sections were based on transversal sections according to the procedure suggested in [26] . In this way, the particle segregation effect was reduced and the particle and mineral phase representativeness were optimized [27] .
Mineral chemistry analyses by EPMA was conducted on a total of 275 mineral points using a JEOL JXA-8500F Field Emission EPMA, equipped with five wavelength dispersive detectors (WDS) and one energy dispersive detector (EDS). The beam was set to a current of 20 nA, an acceleration voltage of 15 kV, a defocused beam at 2.5 µm, a fixed working distance of 11 mm, and high vacuum (<10 −4 Pa). Counting time of all elements was generally 10 s, but 20 s for carbon. Analyses were based on four reference lists for different mineral groups, see Table 1 . Fe, Cl, Na, P, S, Ca, Ti, Mn, Mg, V, Al, Cr, F, C
Element to Mineral Conversion (EMC)
In order to improve the output from EMC, the mineral chemistries of the main minerals from the Nabbaren deposit were acquired by EPMA. After acquisition, mineral chemistries were normalized for its use as input to the EMC methodologies. The normalized version of the mineral chemistries were to achieve electrochemical neutrality and mineral compositions closer to real mineral formulas. Normalization of the mineral chemistry followed the well-known procedure of [41] , which can be summarized as follows:
• Estimate the moles of each oxide in the mineral chemistry obtained with EPMA.
•
The oxide moles will give the elemental moles (i.e., cations and anions). From them, calculate the total amount of oxygen (anion) moles in the mineral, including oxygen associated with OH-groups.
• Each mineral has a defined oxygen number according to its theoretical structure, and this number is divided by the total oxygen moles to obtain an oxygen constant.
Multiply each anion mole (from the second step) by the oxygen constant (from the third step) to obtain the proportion between elements and theoretical oxygen of each mineral.
Each mineral is electrochemically neutral, thus charges in their formula must be balanced.
Once balanced, the elements are recalculated to their oxide form and then normalized to 100%. Also, the theoretical volatile content of the hydrous and carbonate minerals according to ideal stoichiometry was used.
Every not assayed (n.a.) and not detected (n.d.) value is set to zero.
Several mathematical methods proposed for EMC methodologies are found in the literature [16, 23, [32] [33] [34] 36, 39, 42] . In this paper, the least squares method was selected since it offered an easy implementation in a common software packages such as MS Excel. In EMC, modal mineralogy was estimated by minimizing the square deviations as shown in Equation (2)
In Equation (2) the square deviation (ε) was minimized by estimating (c i ) the measured (ĉ i ) bulk chemical values. The parameters used to estimate bulk chemical composition were bulk mineralogy (m) and the chemical composition of those minerals (X).
The system of equations was implemented in MS Excel by using the Solver (Excel Add-in) to converge to the best fitting solution, and a routine for its application was developed in Visual Basic (VBA). Moreover, the algorithm used for calculations was based on non-linear least squares (NNLS) implemented in Solver [43] .
Two methodologies based on least squares were applied to estimate modal mineralogy: (1) the LS-XRD-a non-negative least square method; and (2) R-XRD-a regression method, which defines an auxiliary matrix calculated with least squares. The bulk chemistry data includes LOI as shown in Equation (3) and an unknown variable for the elements not measured by XRF, see Equation (4) .
To the authors' knowledge, a regression method has not been applied before in EMC methodologies and thus making the R-XRD method a novelty in mineral estimations.
It is known that minerals with a low concentration (e.g., <0.5-1.0 wt %) are difficult to quantify or even detect by XRD. This is the case for apatite, which is a mineral known to be present in the Nabbaren deposit. It was decided to include apatite XRD data into to the normalization procedure. The main assumption was that apatite contains all P detected by XRF, see Equation (5).
Restrictions Used in LS-XRD Methodology
The LS-XRD procedure includes three restrictions to minimize Equation (2):
• A non-negativity restriction of the estimated modal mineralogy because of the physical meaning of a quantity, Equation (6).
•
The sum of the estimated modal mineralogy should not exceed 100%, Equation (7).
The use of average maximum and minimum known mineral ratios [36] , Equation (8) . The ratios used are shown in Table 2 .m 
Restriction Used in R-XRD Procedure
The procedure defines a numerical matrix based on modal mineralogy and bulk chemistry. Before fitting the matrix, the bulk chemistry data set must be split into modelling and testing sets. The modelling set is used to fit the matrix, while the test set is used to check the modal mineralogy estimation achieved with the matrix. In that sense, the fitted matrix can be used to estimate modal mineralogy from similar bulk chemistry data sets. The modelling set corresponded to around two-thirds of the data, with the remaining third for testing the fitted matrix. Moreover, the samples were sub-divided into material types or similar bulk chemistry data sub-sets: feed, concentrate, and tailings. The sub-division is based on the bulk chemistry of the material. Therefore, matrixes were fitted for each material type that can only be applied to the corresponding material type.
Unlike in the LS-XRD procedure, the fitted matrix (M) is used directly to transform bulk chemistry into modal mineralogy, see Equation (9) . The square difference (ϕ) in this procedure, shown in Equation (10) , is between each element of the measured (m i ) and estimated (m i ) modal mineralogy. The latter one is replaced in terms of Equation (9), hence in terms of the fitted matrix.
The restrictions used in the R.XRD methodology were the following:
• The sum of the estimates should not exceed 100%, in Equation (7).
•
The average total mineralogical deviation (ϕ Total ) for the estimated data set should not exceed 100%, in Equation (11).
The minimization between estimated (ε) and measured (δ) bulk chemistries square deviations in (12)- (14) . This last step was calculated using the calculated bulk chemistry from both modal mineralogies, estimated and measured.
To estimate the performance of both procedures, the scale-independent indicator root-mean-square percentage error (RMSPE) (Equation (15)) was used [44] .
The Equation (15) compares the differences between the measured (Y) and the estimated (Ŷ) part of the vector Y, which can be either bulk chemistry or modal mineralogy.
Results
Bulk Chemistry
The average bulk chemistry of the 12 drill-holes selected and their respective standard deviations are given in Table 3 . The values for the −833/+74 µm fraction is the bulk chemistry calculated from the weighted average of the intermediate fractions from concentrate and tailings. 
Modal Mineralogy
The average and standard deviation of the modal mineralogy for all the 12 drill-holes selected are presented in Table 4 . The values for the −833/+74 µm fraction is the modal mineralogy calculated from the weighted average of the intermediate fractions from concentrate and tailings. 
Mineral Chemistry
The EPMA analyses are shown in Table 5 , and the results after normalization in Table 6 . The averages and standard deviations were calculated based on the all the EPMA points analyzed. The mineral natrolite was not found in the samples analyzed, therefore mineral chemistry from [37] was used during estimations instead. Observed minerals with a grain size smaller than the 2.5 µm diameter of the electron beam set in the microscope were not analyzed. An example of the minerals analyzed is shown in Figure 4 . The average chemical compositions of the most abundant minerals in the deposit i.e., nepheline, K-feldspar, and albite by referenced sample are given in Table 7 . Table 7 . Nepheline, K-feldspar and albite average mineral chemistry by georeferenced point in Figure 1 . n.d. = not detected. 
Element to Mineral Conversion
The estimates of titanite, K-feldspar, magnetite, and pyroxene obtained with LS-XRD procedure are shown in Figure 5 . Results of the R-XRD procedure for the same samples are shown in Figure 6 . From the presented figures, the closer the data points are to the diagonal on each plot the closer the mineral estimation was to the mineral measured by Rietveld XRD. In this sense, the closer to the diagonal a data point is the better its estimations. The average chemical compositions of the most abundant minerals in the deposit i.e., nepheline, K-feldspar, and albite by referenced sample are given in Table 7 . Table 7 . Nepheline, K-feldspar and albite average mineral chemistry by georeferenced point in Figure 1 
The estimates of titanite, K-feldspar, magnetite, and pyroxene obtained with LS-XRD procedure are shown in Figure 5 . Results of the R-XRD procedure for the same samples are shown in Figure 6 . From the presented figures, the closer the data points are to the diagonal on each plot the closer the mineral estimation was to the mineral measured by Rietveld XRD. In this sense, the closer to the diagonal a data point is the better its estimations. 
Methodology Comparison
The error between measured and estimated XRF (bulk chemistry) values is given in Table 8 . This comparison reflects the relative difference between calculated bulk chemistry from estimated modal mineralogy and calibrated data such as XRF data. The error between measured and estimated XRD mineralogy is given in Table 9 . This comparison shows the relative difference between mineralogical data sets, with no calculation in between. The smaller the difference, the better the estimation. 
The error between measured and estimated XRF (bulk chemistry) values is given in Table 8 . This comparison reflects the relative difference between calculated bulk chemistry from estimated modal mineralogy and calibrated data such as XRF data. The error between measured and estimated XRD mineralogy is given in Table 9 . This comparison shows the relative difference between mineralogical data sets, with no calculation in between. The smaller the difference, the better the estimation. A different mineral chemistry input would change the estimated modal mineralogy, thus influencing the estimation. As an example of this, three mineral groups plotted in Figure 7 : opaque Fe-rich minerals consisting of magnetite and pyrrhotite, transparent colored Fe-rich minerals consistent of augite, hornblende, and mica, and the remaining minerals from the Rietveld mineral list in other minerals. The use of different mineral chemistries according to the origin of the sample shows its influence in the different modal mineralogy estimations. The influence was tested on georeferenced samples, the same ones used to acquire EPMA data. 
Discussion
It is common at processing plants to use bulk chemistry data rather than modal mineralogical data. However, mineralogical data could help to reduce risks and uncertainties along the whole processing chain [45] . Finding a cheap, fast, and reliable method to estimate modal mineralogy is of great value for the mining industry and geometallurgy. 
It is common at processing plants to use bulk chemistry data rather than modal mineralogical data. However, mineralogical data could help to reduce risks and uncertainties along the whole processing chain [45] . Finding a cheap, fast, and reliable method to estimate modal mineralogy is of great value for the mining industry and geometallurgy.
Most of the estimated systems are underdetermined, i.e., they have more unknowns than equations. Obtaining a solution for this type of problem requires the acceptance of un-avoidable errors and assumptions. The EMC methodologies proposed in the present paper were not an exception. The methodologies used LOI and unknown as input data in the bulk chemistry, a pre-defined mineral list in the Rietveld mineralogy and a set of restrictions to each method.
The bulk chemistry and mineral list from modal mineralogy used in the EMC had their drawbacks. Regarding bulk chemistry, the addition of more elements can help in the determination of the system. The use of minor elements can definitely increase the level of detail for the samples analyzed at the expense of consuming more time and risking further sample preparation errors. This is the same for other major elements such as oxygen, carbon, and sulphur.
As for modal mineralogy, the mineral list used in the Rietveld XRD analyses is another pre-assumption imposed on the system. The use of a pre-defined mineral list to apply to all the analyses can have drawbacks during estimations. For example, the mineral list missed minerals known to be present in the rock such as Fe and Ti oxides or different alteration zeolites, as the ones reported by [20] . Nonetheless, their presence could not have been detected with XRD due to their low concentration in the rock (i.e., traces) or due to the low level of alteration presented in the samples analyzed (i.e., away from exposed sites). The detection limit of XRD is not as low as other techniques like SEM, the acquisition time and cost associated to XRD acquisition makes it an acceptable option for modal mineralogical quantifications, and therefore accepting the drawbacks of the XRD data.
The use of XRD modal mineralogy as input data is one of the options for EMC estimations. EMC estimations could be improved if Rietveld modal mineralogy was improved. There are different ways to improve Rietveld modal mineralogy: by input EPMA data of the deposit and particularly from the samples analyzed input during modelling, or by running single-crystal XRD analyses for the main minerals of the deposit and then using that information in the modelling.
The EMC methods used showed an acceptable performance estimating abundant minerals, such as K-feldspar. The data points from K-feldspar were closer to the plot's diagonal. Nonetheless, both methods failed to estimate correctly minerals with lower concentrations, such as titanite, magnetite, and pyroxene. Similar issues have been reported when estimating minerals in low concentration, see [16, 23, 39] . The problems when comparing to mineralogy, in this case are the accuracy of the XRD data and the way the estimation method behaves. For example, it is possible that certain measured elements estimated to be in a particular mineral actually belong to another mineral on the list, or even worse, to a mineral not considered at all. One example of estimation method could be the mineral titanite, which was consistently estimated incorrectly in the LS-XRD method. The cases of magnetite and pyroxene, both minerals in low quantity, also show errors with the same method. The R-XRD estimations showed better results estimating modal mineralogy than the LS-method. The trends are more consistent and closer to the diagonals on each plot. It is important to keep in mind that a method such as the R-XRD will produce regression results, which will look closer to the estimation during modelling. Moreover, the R-XRD method can be applied, and used to a defined bulk chemistry (e.g., specific lithology or concentrates). The R-XRD methodology might only be valid within restricted chemical populations, thus making the method suitable for its use at operational scale only by applying it to those chemical populations.
The obtained EMC estimations can be compared with the estimated modal mineralogy and bulk chemistry, after calculating it back from the modal mineralogy. When comparing bulk chemistry differences, the LS-XRD method yields better results than the R-XRD method. Although the results of the latter are closer to the original differences between measured sets, thus similar error between both XRF data and Rietveld mineralogy. Smaller bulk chemistry errors indicate better results towards known calibrated data i.e., XRF measurements. Nonetheless, closer results do not necessarily mean better results. There is a bias when attempting such a comparison. This bias can be the assumptions made during quantification (e.g., pre-defined mineral list) and estimation (e.g., restrictions used).
When comparing modal mineralogy differences, the R-XRD estimation showed better results. Again, this does not necessarily mean that the method itself is better. It is necessary to keep in mind that the modal mineralogy comparison is uncalibrated; the diffraction patterns acquired and quantified by the Rietveld method are standard-less. This means that regardless of the quantification method used, the true modal mineralogy of the sample will remain unknown because the sample analyzed is unknown. This is not an issue if the analyzed samples have a known mineral composition, which is the case with synthetic samples as shown by [42] .
Normalizing mineral chemistries gave a more realistic idea of the mineral chemistry of the minerals present in the deposit. Normalization takes into consideration the atom-site distribution of the main atoms in the structure and its substitutions. Normalizing mineral chemistries refines the composition by adding or removing elements that otherwise would not be present in the mineral structures measured by EPMA (e.g., H 2 O wt % or C wt %) and are required in EMC estimations.
Mineral chemistry is not the main influence in EMC estimations. The use of different mineral chemistries showed no strong improvement on the mineralogical estimation. In Figure 7 , the Reference 2 case showed an improvement when using mineral chemistry from that sample instead of the average mineral chemistry for the deposit in the LS-XRD estimation. Nonetheless, in all other cases, mineral chemistry did not show a significant change in mineralogical estimation.
The use of mineral chemistries from the minerals present in the deposit is necessary not only from a geological point of view, but also for processing and mineral estimations.
The use of average mineral chemistry values, obtained from different points in the deposit, for EMC estimations generally gave good results. The use of mineral chemistry leads to the idea of a new data layer to be included in mine planning and in a geometallurgical model: spatial mineral chemistry variations for the implementation of EMC estimations. Understanding and quantifying elemental variations of the minerals is not only useful geological information. Those mineral variations can be implemented in mine planning by quantification campaigns at the mine. Additionally, they can be used in estimating mineralogy for an improved mineralogical estimation that can be implemented as a routine at operational scale, thereby reducing uncertainties in a processing point-of-view.
The use of EMC method is a time efficient and low cost technique to estimate mineralogy based on bulk chemistry. It is time effective and low cost because virtually no extra analysis is required besides that needed to apply the methodology.
Conclusions
From the presented work the following conclusions can be drawn:
• Two element-to-mineral conversion (EMC) methodologies were applied for modal mineralogy estimation: the least square or LS-XRD and the regression or R-XRD methods. The R-XRD method showed better estimation results in terms of mineralogical performance with respect to Rietveld X-ray diffraction (XRD) data.
•
The mineralogical estimation mainly depend method used. The use of a pre-defined mineral list for a Rietveld quantification routine, the use of data with a high detection limit such as XRD.
Mineral chemistry did not significantly influence the mineral estimation.
The mathematical method influenced the mineralogical estimation. The regression method shows accurate estimations, though this method is restricted to specific chemical conditions (e.g., lithology, concentrates, etc.).
The R-XRD method is a regression method that shows potential for development, and can be implemented at operational scale for defined geochemical populations.
• The EMC methodologies are a geometallurgical tool that can be improved and eventually implemented in operations for their time efficiency and low cost associated.
• From a geometallurgical perspective, EMC is a good tool for increasing resource performance, easing decision-making processes, and reducing uncertainties. 
